I Introduction
There exists a large literature predicting that trading conveys information on the underlying value of the asset. The key ingredient of asymmetric information models is the presence of informed traders. Informed traders possess private information, which is the very reason why they trade. Uninformed traders, however, have not taken notice of certain information events and trade from liquidity perspectives. Due to the presence of informed traders, trading itself potentially reveals information on future returns. This suggests that the trading intensity or, equivalently, the durations between consecutive trades, may contain information on the underlying value of the asset. Admati and Pfleiderer (1988) and Easley and O'Hara (1992) predict that frequent trading indicates the presence of news, while Diamond and Verrecchia (1987) predict that slow trading refers to bad news. It is likely that some information events will refer to sector specific news, while others will be stock specific. Suppose that trader A, who owns a specific stock, observes trader B trading a related stock. Trader A knows that there are several possibilities. Trader B is either informed or uninformed. When he is informed, trader B wants to take advantage of private news, that is either sector specific or stock specific news. Since the probability that trader B possesses private sector specific news is positive, his trade reveals information to trader A. Thus, if investors in one stock observe changes in the trade characteristics of related stocks, they know that this may indicate the existence of relevant information. Therefore, they will adapt their own trading behavior in reaction to this. Comovements in the trading intensities of stocks are relevant from several points of view. The direction of the comovements in trading intensities provides information on lead-lag relationships; i.e. on 'driving' and 'following' stocks. Moreover, the relation between trading intensities provides insight in information dissemination and the dynamics of this process. Engle and Lunde (1999) and Russell (1999) propose a model that captures the relation between the intensities of the trade and the quote process. Russell (1999) and Davis et al. (2001) jointly model the intensities of several types of events such as market and limit orders. In this paper we propose a more parsimonious reformulation of Russell (1999) , consisting of a duration model for trades in the same industry and a probit-model for the type of stock in the industry that is traded. We establish significant comovements in the trading intensities of US department stocks, which we explain by distinguishing sector and stock specific news. We provide estimates of the amounts of sector and stock specific news contained in the trading intensities and show that all stocks under consideration convey both sector and stock specific news.
The setup of this paper is as follows. Section 2 briefly discusses the data. Section 3 provides a review of the literature on multivariate duration models. Section 4 introduces a new model for the joint modeling of several trading intensities. This model is applied to transaction data on stocks of US department store operators in the same section. Section 5 is devoted to distinguishing stock and sector specific news in the trading intensities of stocks of US department stores. In Section 6 the economic effect of the comovements is investigated using a simulation. In Section 7 the model of Section 4 is extended with explanatory variables. Finally, Section 8 concludes.
II The data
This paper uses high frequency data taken from the Trade and Quote (TAQ) database, distributed by the NYSE. We consider five large US department store operators (industry code 146) traded on the NYSE. This results in a sample of five stocks including the three largest upscale department store operators of the US, see Table I . The sample covers the period August 1 until October 31, 1999 and consists of 64 trading days. We remove all trades before 9.30 AM and after 16.00 PM. Moreover, we also delete trades that take place before the first quotes are generated. For all trades in each stock i = 1, 2, . . . , 5 the associated trade moments τ s,i are recorded, where s indexes subsequent transactions (i.e. s indexes 'transaction time'), s = 1, 2, . . .. The duration (in 'calendar time') between subsequent trades (in the same type of stock) is defined as y s,i = τ s,i − τ s−1,i . The total number of trades in stock i up to time τ is denoted by N i (τ ). To deal with multiple trades at the same second in the same stock, we treat multiple transactions at the same time as one transaction. Hence, we follow Engle and Russell (1998) and interpret multiple trades as a single transaction that is split up into several parts 1 . For any combination of two stocks, we compute the durations between two subsequent transactions of the 'pooled' process; i.e. the process consisting of all transactions in any of the two stocks. This process is denoted by (τ t ) t and the corresponding pooled duration process is denoted by (y t ) t . The total number of trades up to time τ is denoted by N (τ ). To each transaction of 1 However, it may also happen that trades in any two stock in our sample take place at the same second. This happens in about 1% of the transactions in our sample. Again we can these multiple trades as one single transaction, but are then left with the problem how to determine the type of stock that corresponds to the (unique) transaction time. We randomly assign the trade to one of both stocks traded at the given point in time. We verified that the way of dealing with multiple transactions is not important for the results.
the pooled process we associate a variable (z t ) t that gives the type of stock traded; i.e. z t ∈ {0, 1}. Table I reports some sample statistics for the five department stores selected for this paper. J.C. Penney is the most frequently traded stock (average duration 55 seconds), while Saks is most infrequently traded (average duration 1 minute and 40 seconds). To get a notion of the comovements among trading intensities of the stocks in the sample, we construct pairs of stocks. Using the five stocks in the sample, this results in ten pairs of stocks. Given stocks i and j, we determine the first transaction in stock j that follows the (t − 1)-th transaction in stock i; i.e., for each t we determinẽ
Subsequently, we compute the duration between the (t − 1)-th transaction in stock i and the first transaction in stock j which is given by
We compute Spearman's rank correlation between y t−1,i and w t,j . For each stock we also report the rank autocorrelation in the durations. The resulting correlations and corresponding t-statistics are given in Table II . For example, for J.C. Penney and Dillard's the 'cross' correlation equals 0.103, with t-value 16.733. Thus, the correlation is significantly positive 2 . We do the same with the roles of the two stocks interchanged. We then establish a correlation of 0.516 with t-value 6.174. This correlation is smaller, but also significantly positive. Furthermore, the autocorrelation in the durations of J.C. Penney equals 0.130 (21.440) and for Dillard's it equals 0.127 (15.410). For the remaining stocks the 'cross' correlations vary from −0.002 (−0.278) to 0.103 (16.733) and the autocorrelations are between 0.048 (7.306) and 0.149 (17.992). The significant cross correlations among the stocks suggest that J.C. Penney contains most sector-specific news, since the impact of J.C. Penney on any other stock is larger than the other way around. The stocks Federated and May contain most sector specific news after J.C. Penney, and, finally, Dillard's and Saks follow. The correlations reported in Table II can be caused by sector-wide news events, but can equally well be due to other factors such as time of the day periodicities. In order to separate these effects, we will explicitly model the comovements in trading intensities in the next sections. Moreover, in the next sections we will further investigate the amount of sector specific information contained in the trading intensity of each stock.
III A review of multivariate duration models
In this section we discuss three models that have been proposed to jointly analyze two or more trading intensities. We start with the model of Engle and Lunde (1999). Subsequently we discuss Davis et al. (2001) and Russell (1999) . Engle and Lunde (1999) model one marginal ('independent') duration process and the other ('dependent') process conditional on that. They apply the model to the trade (independent) and quote process (dependent). For the application of this paper, the direction of the causality could be motivated, for example by arguing that company A is much larger than company B (or market leader) and will therefore influence B rather than the other way around. In the context of Section 2, information on A would be more relevant for sector-wide information than information on B, since A is market leader. The Engle and Lunde (1999) model only specifies the dependence between the first duration in the dependent stock that follows a trade in the independent process. Although this leads to an appealing model, the remaining feedback is ignored. The count in bin (Cbin-) model for counts, see Davis et al. (2001) , focuses on the number of trades in each stock during equally spaced time intervals of length ∆. These are specified as conditionally Poisson distributed variables. This approach has the advantage that probabilities in terms of the number of events during some time period usually have a closed-form expression, while this would require simulation in the ACD-like model of Engle and Lunde (1999) . However, the main drawback is the choice of the aggregation level, which is arbitrary. Engle and Russell (1998) explicitly model the durations between trades in a univariate framework. This is a convenient specification for predicting durations if the purpose is not to model the effect of other events on the duration. In the case of two related stocks, however, we want to allow that transactions of the other process affect the conditional expected duration since they may contain information relevant for the other process. This is more conveniently modeled by specifying the conditional intensity function, following Russell (1999) . He focuses on a bivariate transaction process, consisting of two dependent transaction processes, indexed by i = 1, 2. Let y t−1 and z t−1 denote the history of the processes (y t ) t and (z t ) t up to time τ t−1 , respectively. The conditional intensity function of the i-th transaction process is defined as
= lim
For fixed s and conditional upon the history of the process up to time τ t−1 , λ t,i (s)∆s can be interpreted as the (conditional) probability of a transaction of type i during the interval (s, s + ∆s], for ∆s → 0. Russell (1999) assumes that the conditional intensity function can be specified as a specific time invariant function of past marginal durations of the two processes. In Russell (1999)'s model, the direction of the dependence between the two processes is not determined a priori and all trades in every stock are taken into account. In the bivariate case, for example, the two processes can be market the market and limit order arrival processes, which is the framework of Russell (1999) . He shows that there is significant Granger-causality between the arrival processes of market orders and limit orders. The Russell (1999) model can also be used to jointly model the duration dependence among several stocks, which is the context of this paper. We will show in Section 4 that the model that will be introduced in the next section can be interpreted as a more parsimonious reformulation of the Russell (1999) model.
IV The probit-pooled ACD-model
In However, its specification is less appealing than the univariate ACD-model and estimation and simulation of the model is more demanding. Therefore, we propose a more parsimonious and more appealing specification to model dependent trading intensities. Russell (1999) specifies the conditional intensity functions corresponding to the marginal transaction processes. Instead of modeling the conditional intensity functions of the marginal processes separately, we directly specify the conditional intensity function of the pooled transaction process, as well as the probability that a trade is in either type of stock. We consider the pooled transaction process and use a simple univariate duration model of the ACDtype (cf. Engle and Russell (1998)), possibly including explanatory variables. The type of trade variable is model using a probit-specification. We will call the resulting bivariate model the probit-pooled ACD-model. We start with the conditional density corresponding to the marks. Since z t is a binary variable that indicates whether a transaction is a trade in stock A or stock B, we consider a probit-specification. Let Φ(·) denote the normal distribution function. We assume
Here x t = x t (y t , z t−1 ) represents a vector of regressors − to be specified later − and δ is the corresponding vector of coefficients. We allow p t to depend upon lagged values of z t . An issue that we have to consider is the persistence in the type of trade variable z t that was established in Section 2. To deal with the persistence effectively, we allow the conditional probability p t to depend upon lagged values of itself; i.e. we include as potential regressors lagged values of p t . Furthermore, the type of trade variable z t may also be affected by how long ago trades in both stocks have taken place. We therefore take
We include lagged values of the type of trade variable z t , the pooled durations y t and δ x t . As explained, the likelihood of a trade in one stock may not only depend upon the duration since the most recent trade, but also on the duration since the last trade in either stock. Therefore, we let the coefficients of y t and y t−1 depend upon the type of trade at which the duration started. It will sometimes be convenient to write p t = p t (z t−1 , y t ) to emphasize the dependence of p t upon the past history of the type of trade variable and the durations.
We now turn to the specification of the conditional density corresponding to the pooled duration process, expressed in terms of the diurnally corrected duration process (y t ) t . Let I t−1 denote the information known up to time τ t−1 , consisting of the history of the pooled durations and the type of trade variable. We consider a log ACD(1, 1)-model, see Bauwens and Giot (2000) , which is specified as
with (ε t ) t identically distributed with unit mean and ε t independent of I t−1 . The log of the conditional expected duration is specified as
where ν t−1 is a row vector of variables related to the type of trade process and γ a vector of parameters. We specify
The model is expressed in terms of diurnally corrected durations which are constructed by proceeding as in Engle and Russell (1998) . That is, we obtain the diurnally adjusted durations by approximating the expected duration given the time of the day by a piecewise linear and continuous spline. We therefore set nodes on 9.30 − 10.00, 10.00 − 11.00, . . . , 14.00 − 15.00, 15.30 − 16.00 hours. We compute the diurnally corrected durations by dividing each duration by its corresponding diurnal correction
where
and where k i corresponds to the i-th time interval as defined above. The variable ν t−1 is a vector of explanatory variables containing variables related to the type of trade variable. The variable ∆z t = z t−1 −z t−2 indicates whether or not a change in the type of trade variable has taken place and in which direction. Such a change may convey information and therefore, it may affect the trading behavior of traders and thus their speed of trading. The variable log p t−1 represents the log of the conditional probability of a trade in stock A. When, for example, stock A contains much sector specific news, it may be the 'driving ' process behind the pooled transaction process. In this case, a high conditional probability of a trade in stock A may increase the trading intensity.
By analyzing sample correlations we established significant comovements in the trading intensities of the stocks under consideration. We would also like to know whether or not the type of trade variable conveys additional information relative to the history of the pooled transaction process. If this is not the case, then the fact that there has been a trade provides all information that is relevant for both stocks' interarrival times, while the type of trade is 'redundant'. The individual trading intensities of both stocks then only depend upon the history of the pooled transaction process. This is easy to test for in the probit-pooled ACD-model. Note, however, that this hypothesis is inherently difficult to test in the Russell (1999) model. On the other hand, the null hypothesis of independent transaction processes is testable in the Russell (1999) model, but this is not straightforward in the pooled ACD-model.
Estimation results
For all pairs of stocks, we estimate the probit-model by means of maximum likelihood, using the Berndt, Hall, Hall, and Hausman (1974) algorithm for the numerical optimization. The ACD-part of the model is estimated using quasi maximum likelihood using the same optimization algorithm, cf. Engle and Russell (1998) . The choice of explanatory variables in ν t−1 as given in equation (7) is the result of a specification search. Initially, we estimated the model with ν t−1 = (z t−1 , z t−2 , log p t−1 , log p t−2 ) , allowing for feedback from the two most recent trades (z t−1 , z t−2 ) and the entire history of the type of trade variable that is captured in the variables log p t−1 and log p t−2 . For all pairs of stocks, the null hypothesis that z t−1 and z t−2 add up to zero could not be rejected. Moreover, log p t−2 turned out insignificant for all pairs of stocks under consideration.
In our final specification, we therefore set ν t−1 = (∆z t−1 , log p t−1 ) . Since the variable ∆z t−1 = z t−1 − z t−2 indicates whether or not a change in the type of trade has taken place, it can be interpreted as in indication of 'news'. In a similar way, the specification given in expression (5) is the result of a specification search. We use a Wald-test for omitted variables (more lags) in the probit-model for which there is no significant evidence. Moreover, we use a Lagrange-multiplier (LM) test for heteroscedasticity in expression (5).
We proceed in the line of Harvey (1976) by considering heteroscedasticity of the form Var (η t ) = exp(νξ t ). Here η t is the disturbance in the unobserved process underlying the probit-model and
The null hypothesis of no heteroscedasticity is not rejected for all pairs of stocks at a 5% significance level.
The estimation results are given in Table III and Table IV . We start with the ACD-part of the model. The persistence in the ACD-model is high, since the estimated value of β varies between 0.982 and 0.997. We test the hypothesis that the type of trade variable does not affect the conditional expected duration. For all stocks this hypothesis is rejected at any reasonable significance level. For eight out of ten pairs of stocks there is significant impact from ∆z t−1 to the conditional expected duration. In seven out of ten cases log p t−1 significantly influences ψ t . We will later turn to the economic significance of the estimated coefficients. We now turn to the probit-model. The persistence in the type of trade variable z t is high, since the coefficients of Φ −1 (p t−1 ) are close to one for all stocks; they vary between 0.95 and 0.99. To test whether or not the type of trade variable completely depends upon the pooled transaction process only, we test the hypothesis
This null hypothesis is rejected for all stocks at any reasonable significance level level, so the type of trade variable depends on both the pooled and the individual transaction processes. The null hypothesis that the type of trade variable is not informative (for the entire process) is strongly rejected for all pairs of stocks. Hence, not only the fact that there has been a trade conveys information, also the type of trade is informative.
Finally, we will show that the probit-pooled ACD-model is a reformulation of the Russell (1999) model. First, note that the conditional intensity function of the pooled transaction process and the conditional density of the type of trade completely determine the conditional intensity functions of the marginal processes, since
A similar expression is obtained for λ t,2 (·). Furthermore, specification of the two conditional intensity functions determines the conditional intensity function and the density of the type of trade variable of the pooled transaction:
IP(z t = 0 | y t−1 , z t−1 , y t = s) = λ t−1,1 (s + τ t−1 ) λ t−1,1 (s + τ t−1 ) + λ t−1,2 (s + τ t−1 ) .
Hence, the pooled ACD-model and the Russell (1999) model are equivalent in a nonparametric sense. Only when assumptions on the functional forms are added, then the two models are different and nonnested.
V Distinguishing sector and stock specific news
In this section we analyze to what extent the trading intensity in a stock depends primarily on the past trading activity in the stock itself and the trading activity in the sector as a whole. We first examine the information content of the history of the pooled transaction process in addition to the history of the type of trade. Subsequently, we examine the informativeness of the type of trade in addition to the pooled transaction process. We estimate the variances
The conditional intensity function in v y is obtained from equation (7), with the additional restriction γ = 0. The conditional intensity function in v z is obtained in the same way, with the restriction α = 0, β = 0. Finally, in v yz it is obtained with no restriction imposed upon the parameters. The variances in expression (15) are estimated using the corresponding sample variances in the one-step ahead predictions. Subsequently we compute the ratiosv z /v yz and v y /v yz . The values of the ratios are displayed in Table V . The lower the ratio, the higher the explained variance and the more informative the newly added information. The results show that the marks add very little new information to the information on the pooled transaction process; i.e. the economic impact of the Granger-causality from marks the pooled durations is small. However, the history of the pooled transaction process is very informative in addition to the marks. In a similar way we estimate
and compute ratios as before. The results in Table V show that the history of the type of trade adds much information to the type of trade process, but that the pooled transaction process hardly contains any additional information. This is in line with the simulation results obtained in Section 4. In Section 1 we explained that news events may consist of two parts: a stock specific component and a component that applies to sector specific news. When the trading intensity of stock A has a large impact on that of stock B, the trading intensity of stock A contains a lot of sector specific news that is relevant for stock B. We will now measure the amount of sector specific news contained in the trading intensity of each stock. For each stock we estimate the variance of the estimated conditional intensity function. We obtain the estimated conditional intensity functions in the the pooled ACD-model using equation (13). In the probit-pooled ACD-model we get, under the assumption of exponentially distributed disturbances,
and
In a univariate framework we specify a log ACD(1, 1)-model, cf. Engle and Russell (1998); i.e.
Here (ε t,i ) t is a sequence of identically distributed variables with unit mean, independent of I t−1 and
We estimate the univariate ACD-model for each individual stock using QML; the estimation results are available upon request. We define
that is, v A and v B denote the variance of the one-step ahead predictions of the conditional intensity function of respectively stock A and B in the univariate ACD-models (where t indexes the pooled transaction process). Similarly, let v Table VI . Consider, for example, the results for the pair Federated and Saks. Table VI shows that for Federated the explained variance of the conditional intensity function in the pooled ACD-model is 88.1% of the explained variance in the univariate ACD-model. This means that the trading intensity of Saks contains much sector-wide information that is relevant for Federated. Conversely, for Saks the explained variance of the conditional intensity function in the pooled ACD-model is 86.1% of the explained variance in the univariate ACD-model. This means that the trading intensity of Federated contains much sector-wide information that is relevant for Saks. Furthermore, from Table VI it follows J.C. Penney contains more sector-wide information than any other stock, which is in line with the correlations in Table II. Therefore, it can be viewed as the most informative stock with respect to sector-wide information. Similarly, Federated contains more sector-wide information than all other stocks except J.C. Penney. When we rank the remaining stocks based upon the number of stocks they outperform with respect to the amount of sector specific news contained in the trading intensity as given in Table VI , we obtain the ranking Saks (outperforms two other stocks), Dillard's (one), and finally May (zero) follow. Hence, the least informative stock is May; i.e. all other stocks have more sector specific news contained in the trading intensity. Note that the most informative stocks, J.C. Penney is also the most frequently traded stock. In fact, the ranking based upon Table VI (J.C. Penney, Federated, Saks, Dillard's, and May) is close to the ranking based upon the number of transactions (J.C. Penney, Federated, May, Dillard's, and Saks), since the only difference is that the rankings of Dillard's and May are interchanged. Clearly, when a stock is traded more often, there are more opportunities to convey information to other stocks. Also note that the ranking is roughly in line with the ranking obtained in Section 2 based upon the 'cross' correlations reported in Table II . According to this ranking the trading intensity of J.C. Penney is most important, followed by Federated and May, and finally by Dillard's and Saks. Hence, this ranking also sets J.C. Penney on top. However, it is not able to distinguish between Federated and May (shared second position) and Dillard's and Saks.
VI The economic impact of the comovements in trading intensities
To gain more insight in the dynamics of the duration process, we perform a simulation of the pooled ACD-model discussed in the previous section. We compare the simulation results of the bivariate model to the results of the univariate ACD-model. In the univariate model the history of the other process is not taken into account. Therefore, comparison of the results to those of the bivariate model provides another indication of the information content of the trading intensity of the other process. Given a certain history of two transaction processes, we focus on the expected duration to the first trade in each stock and the expected time it takes until each stock has been traded ten times. We vary the history of the transaction process to assess the effect of different scenarios on the expected durations. The history of the two processes consists of three parts: the durations to the two most recent trades, the nature of the two most recent trades (stock A or B) and the most recent value of the conditional probability of a trade in stock A. Technically speaking, for each pair of stocks (say A and B) we simulate the binary process (z t ) t jointly with the durations of the pooled transaction process (y t ) t . For each path of durations and type of trade variables, we compute the time to the first trade in each stock and the time it takes before ten trades in stock A and B have taken place. We do this N times and estimate the expected durations by taking the corresponding averages of the durations over all simulation runs. We simulate the durations by randomly drawing from the empirical distribution of the ACD-residuals. Moreover, we obtain confidence intervals for the calculated statistics by means of a parametric bootstrap from the joint asymptotic distribution of the model parameters.
We consider a pair of stocks, which we refer to again as stocks A and B.
We consider the expected duration to a trade in stock A under two different scenarios: one of only few trades in stock B and one with many trades in stock B. From the path of trades in A we compute the variables needed to initialize the univariate ACD-model. From the paths of pooled transactions we compute the variables required for the initialization of the probit-pooled ACD-model. We do the same for stock B, in which case we focus on the scenarios that many or few trades in A have taken place. Thus, we are able to assess the effect of trades in one stock on trades in the other stock and, moreover, we are able to see the difference between the bivariate probitpooled ACD-model and the univariate ACD-model. We consider the stocks J.C. Penney and Dillard's for which we concluded in the previous section that the impact of J.C. Penney on Dillard's is quite large and that the trading intensity of Dillard's contains a small amount of sector specific information that is relevant for J.C. Penney. Table VII reports the expected time to the first transaction in each stock as well as the expected time it takes before each stock has been traded ten times, obtained by a simulation of N = 10, 000 runs. These expected durations are estimated in both the probit-pooled ACD-model under the above mentioned scenarios and in the univariate ACD-model. We first consider the simulation results for J.C. Penney. In a period with few trades in Dillard's the expected duration to the first trade in J.C. Penney equals 49 seconds, see the 'expected duration A' in the upper part of Table VII that has the caption 'few trades in the other stock'. With many trades in the other stock it equals 1 minute and 9 seconds, which is significantly larger. In the univariate ACD-model the expected duration equals 1 minute. Hence, in the univariate model, which ignores the history of the other stock, the expected duration falls between the expected durations with few trades in Dillard's and many trades in Dillard's as obtained in the bivariate model. With few trades in J.C. Penney the expected duration to a trade in Dillard's equals 1 minutes and 29 seconds, while it equals 3 minutes and 40 seconds when J.C. Penney is traded often. For the expected time it takes until each stock is traded ten times, we find similar results. Again the expected duration in the univariate ACD-model falls between the expected durations in the probit-pooled ACD-model with many and few trades in the other stock. The results also show that J.C. Penney is much less affected by Dillard's than the other way around. This asymmetry is consistent with the results in Table VI . For the other pairs of stock we obtain similar results.
VII Extensions of the probit pooled ACDmodel
In this section we discuss several extensions of the model presented in this paper. The pooled ACD-model can be extended with the inclusion of explanatory variables such as returns on the mid quote, bid-ask spread and trade volume in equations (7). The idea is that the information content of the trade characteristics influences the trading intensity, see Spierdijk (2002) . Hence, additional feedback allows for effects from the trade characteristics to the trading intensity of the pooled transaction process. For example, as put forward in Dufour and Engle (2000), a large change in the market maker's mid quote may be a signal to the informed traders that their information, initially unknown to other market participants, has been revealed to the market maker assuming that no new signal has been released thereafter. This means that their information is no longer superior and thus the incentive to trade disappears, decreasing their trading intensity. However, from an inventory perspective, large quote changes would attract opposite-side traders, thus increasing the trading intensity. Similar effects may occur when informed traders observed wide spreads or large volume trades. With feedback from the trade characteristics to the trading intensity, ν t−1 ∈ I t−1 in expression (7) would be a vector of explanatory variables, possibly including type of trade variables or trade characteristics. With a similar motivation explanatory variables can be included in the probit-model. Although several trade characteristics (lagged bid-ask spread and unsigned trade volume) turn out significant in the ACD-part of the model, the economic impact of the trade characteristics appears to be small in the sense that the expected durations as simulated in previous section are hardly affected by the additional feedback. This is consistent with the evidence found in Spierdijk (2002) . Another extension is the multivariate analogue of the bivariate model considered in this paper. Instead of considering pairs of stocks, the focus could be on K > 2 stocks. This would provide a different way of measuring the amount of sector and stock specific information contained in the trading intensity of each stock. Moreover, in this way it becomes possible to see whether there are any stocks that provide sector specific information when modeled jointly with a single other stock, but are redundant when other stocks are added. In our case, we could take all five stocks of US department store operators into account. The model would then consist of a duration model of the ACDtype for the pooled durations and, for example, a multinomial logit-model to model the conditional probability of a trade in each type of stock. 
VIII Conclusions
In this paper we proposed a new way to model comovements in the trading intensities of related stocks, using a three-month sample (August-October 1999) of stocks of five large US department store operators listed at the NYSE.
We tested the hypothesis whether or not the type of trade variable conveys additional information relative to the fact that there has been a trade. We rejected the null hypothesis that the trading intensity of the pooled transaction process conveys all information. Thus, not only the fact that there has been a trade conveys information, also the type of trade is informative. Moreover, with respect to the durations of the pooled transaction process we established that the type of trade variable conveys significant information in addition to the durations of the pooled transaction process, but that the economic impact of this information is small. For the type of trade process we concluded that the durations of the pooled transaction process do convey some information though much less than the type of trade. We made a distinction between stock specific news that applies to one stock only and sector specific news that is potentially relevant for stocks in the same type of industry. We investigated the amount of sector specific news contained in the trading intensity of each stock. We found that the trading intensity of J.C. Penney contains the largest amount of sector specific news. J.C. Penney is also the most frequently traded stock of our sample. Furthermore, the trading intensity of May is least informative with respect to sector specific news. Finally, we compare the results of the probit-pooled ACD-model proposed in this paper to the univariate ACD-model that is usually used in the literature to model durations. By means of a simulation of both models we showed that the expected durations for a stock in the univariate ACD-model are between the expected durations in the probit-pooled ACD-model with many and few trades in the other stock. The pooled ACD-model and the probit-specification are estimated by means of QML-estimation. The Bollerslev and Wooldridge (1992) robust covariance matrix is used to compute the standard errors. The pooled ACD-model is specified according to equation (7) This table displays the results of a simulation (with N = 10, 000 runs) and reports the expected duration (mm:ss) to the next trade and the expected time it takes before ten trades in the specific stock have taken place.
